Abstract-This paper presents an intelligent virtual environment for Chinese acupuncture learning and training using stateof-the-art virtual reality technology. It is the first step toward developing a comprehensive virtual human model for studying Chinese medicine. Students can learn and practice acupuncture in the proposed 3-D interactive virtual environment that supports a force feedback interface for needle insertion. Thus, students not only "see" but also "touch" the virtual patient. With high performance computers, highly informative and flexible visualization of acupuncture points of various related meridian and collateral can be highlighted to guide the students during training. A computerbased expert system using our newly proposed intelligent fuzzy petri net is designed and implemented to train the students to treat different diseases using acupuncture. Such an intelligent virtual reality system can provide an interesting and effective learning environment for Chinese acupuncture.
I. INTRODUCTION
C HINESE acupuncture is a key component of traditional Chinese medicine. It is effective in treating and preventing various diseases by stimulating acupuncture points on the body. By lifting and thrusting a needle repeatedly with controlled depth and frequency at the desired acupuncture point, the point can be stimulated. Guiding the needle to the destination precisely and manipulating it properly is crucial to achieve the desired therapeutic effects; this relies on correct tissue identification from tactile experience with the needle.
In Chinese medicine, the human body is considered as a complex and interconnected system. Different parts, from skin to inner organs, from head to foot, are connected by invisible networks consisting of meridians (channels) and acupuncture points (or so-called acupoints). External symptoms, such as tongue color, skin color, paining spots, and the speed/strength of the pulse, are all indicators of different diseases. Due to these features, diagnosis in Chinese medicine is an experience-based process. Most acupuncturists make a diagnosis and prescribe therapy according to former cases and basic principles. Hence, it is difficult for beginners to acquire the knowledge. To deduce the relationship between symptoms and diseases, and to help derive a generalized diagnosis for Chinese acupuncture, it is promising to apply modern knowledge representation and inference tools to traditional Chinese medicine. Conventionally, acupuncture students can only practice either on real patients or on unrealistic artificial mannequins. An artificial mannequin provides very limited visual and unrealistic force feedback, while in vivo practice has a high risk of invasion. Wrong identification of acupuncture points or incorrect manipulation may result in dizziness, pain, internal bleeding, and even long-term adverse effects.
In the past five years, following the advancement in the development of haptic rendering techniques and hardware, several computer simulation systems have been developed for needle surgeries, including epidural puncture [1] , spine needle biopsy [2] , and catheter insertion [3] . The needle insertion modeling described in [4] measures the needle forces during soft tissue puncture using a robotic manipulator. The manipulator is mounted with an epidural needle, a tissue phantom, and a CCD camera. In the field of Chinese acupuncture, some devices and physical models are also developed for research and training purpose, but they are neither computerized nor comprehensive.
Virtual reality (VR) based systems can solve these problems by presenting an informative and comprehensive virtual human models for the identification of different acupuncture points. Since a VR-based system can be used repeatedly, the availability is not a problem. Besides, educational training programms can be scheduled systematically in a computerized system without risking a patient's health. This paper presents our intelligent virtual environment for Chinese acupuncture learning and training using VR technology. Students can learn and practice acupuncture through a comprehensive virtual human model within the virtual environment. Our system presents the user with a force feedback interface for needle insertion training. As a result, users can have a tactile feeling on the virtual patient. The feasibility of applying haptic feeling to an acupuncture simulation system is novel. Our system provides informative visualization of acupuncture points of various related meridians where the collateral can be highlighted to guide the students during training. An intelligent inference engine is also developed to provide an effective learning environment for Chinese acupuncture. This helps the training of students in handling different diseases. In this paper, we also propose a II. SYSTEM ARCHITECTURE Our system consists of a diagnosis subsystem and a needle practice subsystem. The diagnosis subsystem is composed of three functional blocks: an IFPN that represents the relationship between symptoms and diseases and performs inference operations; a disease-acupoint database that contains a number of correspondences between different diseases and therapy acupoints; and a self-learning subsystems that uses a back propagation algorithm to learn the weights in IFPN via a set of training cases. The block diagram of the diagnosis subsystem is shown in Fig. 1 .
The needle practice subsystem is a VR simulation system. It consists of a haptic device for needle puncturing force feedback and a visual module for presenting a 3-D virtual training environment.
We illustrate a training example with the use of our system. A virtual patient, who suffers from insomnia, forgettery, impotence, and so forth, has been taken to acupuncture therapy. A training IFPN inference engine is put into operation to make a diagnosis. We pass the symptoms of this patient as input to the engine. Based on the internal inference operations of the engine, the disease that the patient being suffering is identified as neurasthenia. Afterward, we can identify the therapy acupoints from the disease-acupoint database. According to this particular case, Sanyinjiao, Shenmen, and Taixi are the acupoints to apply the therapy to. A trainee acupuncturist can then perform needle insertion on these acupoints to treat the patient. Fig. 2 shows the screen shot of the needle practice on the acupoint "Sanyinjiao" in our VR simulation subsystem. During one single training session, the name of the acupoint and the meridian it belongs to are displayed. The student is asked to perform lifting-thrusting at the point. Students can apply virtual needle puncturing on a virtual body part (in life-sized scale) which lies in the center of the workspace (Fig. 3) . The virtual workspace is underneath the reflective glass. The student does not just "see" (via the reflection from the glass), but also "punctures" the virtual body by putting his/her hand into the workspace.
After a student inserts a needle into or pulls a needle out of the virtual body, a training session is considered complete. The position of the correct acupoint is shown, and the student can check his puncturing performance, such as puncturing velocity, angle of insertion, and other information (Fig. 4) . This helps to improve the skill of the trainee.
We use the stylus on a PHANToM Desktop to simulate the Chinese acupuncture needle. The force acting on the needle is computed by integrating force components along the needle up to its tip. A sufficiently smooth visual display requires an update rate of 30 Hz, while a stable haptic display requires an update rate of 1000 Hz. To enhance overall performance, it is desirable to separate the haptic feedback generation system from the visualization system. Removing the burden of force computations and haptic feedback delivery from the graphics workstation can result in increased system performance. Hence, we connect the haptic feedback device, PHANToM Desktop, to a remote workstation which communicates with the graphics workstation through the network. Although overhead in network communication is introduced, it is justified by the increased overall efficiency. Besides, careful design of algorithms and models results in loosely coupled graphics and haptic computations, which effectively minimizes the communication delay. Separated renderings (haptic and visual) also enable the use of specialized computing architectures for both interfaces, and achieve modularity during development.
In our simulation, a Windows NT workstation serves as the haptic server and an SGI Octane2 workstation serves as the visual server. The visual server mainly updates the 3-D scene and delivers visual feedback to users, while the haptic server handles force computations and communicates with the haptic device (Fig. 5 ). Using such architecture, our simulator achieves a visual update rate of more than 30 Hz and haptic update rate of 1 kHz. The visual and haptic renderings are summarized as follows.
1) Visual Rendering Pipeline: At the beginning of each rendering step, a request signal is sent to the haptic server asking for the position and orientation of the needle (stylus). The replied information will then be used to render the virtual needle. These two messages (request and reply) form the most frequent communicated data (∼30 Hz) between two servers. Since the visual server is also responsible for handling the keyboard and mouse inputs, messages that are sent to the haptic server include notification of the commands that require changes in the the haptic side.
Haptic Rendering Pipeline: Since the haptic rendering loop is running at a frequency of 1 kHz, which is much higher than that of visual rendering, the position and orientation information of the device are not sent unless a request from the other side is received. Other messages that are sent to the visual server include the deformation of skin and performance statistics of the student.
III. DATA MODELING

A. Segmentation of Data
The virtual human body used in our simulator is based on the Visible Human Data produced by the National Library of Medicine, Maryland. Visible Human Data is a set of transverse CT, MR, and cryosection images acquired from a representative male cadaver [5] . We are interested in the tissue information inside the visible man body. So, instead of directly making use of the visible man's raw data, we employed the segmented tissue data set HUGO from MVR Studio GmbH [6] . HUGO is an anatomical volume data set resulting from tissue segmentation on the cryosection images of the visible man. The data set is composed of 594 × 341 × 1873 voxels with voxel size of 1 × 1 × 1 mm. The voxels are categorized into 40 types of tissues, each with a unique index. Based on the HUGO classification, we use our adaptive skeleton climbing [7] to extract the multiple layers of interest. We have extracted the bone, muscle, and fatty tissue.
B. Acupuncture Point Locating and Point Description
To locate the acupuncture points automatically, we first realize the labeling of points according to the human body description in acupuncture and the coordinate of each acupuncture point. We set a normal human body as a standard to locate the meridians and the acupuncture points on the body by "Zhi Cun Gu Du Zhe Liang Fa" and other previous locating methods [8] .
As a result, we can obtain the characteristics of the anatomic points, and visualize the main points on the visible man. Combining the digital description of acupuncture with the digitized anatomic atlas, we can pinpoint the 3-D acupuncture point location (Fig. 6 ). This helps to meet the demand of teaching and training of Chinese acupuncture. 
IV. KNOWLEDGE REPRESENTATION AND INFERENCE
In traditional rule-based reasoning methods [9] , the causality relationship between symptoms and diseases is described as a number of rules. An inference engine is designed to simulate the diagnosis process according to the cause and effect among rules. However, since many rules are involved in acupuncture theory, a powerful inference engine is usually required to avoid cyclical causality, to discover the connection between rules, and to derive the final decision. Obviously, such a rule-based method is time-and memory-consuming, and lacks self-learning ability. On the contrary, our IFPN model represents rules in a more compact form, where the causalities in and between rules are explicitly represented in a network-like model. The cyclical causality is detected during the construction of the IFPN model. Since backward reasoning is applied, the rules which are not related to the decision being considered are ignored in order to increase the speed of reasoning. On the other hand, dynamic certainties in the IFPN model can simulate the human reasoning more accurately than traditional rule-based methods, where a fixed or even no certainty factor is assigned to a rule. Furthermore, our IFPN model has a strong self-learning ability. The weights in the IFPNs can be retrieved by a back propagation algorithm in a data-driven manner.
Our intelligent fuzzy inferencing comprises: 1) introduction of a dynamic certainty factor (DCF) which allows each antecedent to have its contribution to the consequence, no matter how small its degree of truth is; 2) the joint strengths of contributions from the antecedent propositions to the consequence proposition are represented by the weights assigned to the antecedent propositions. These weights have their linguistic meanings as degrees of interaction among the antecedent propositions (symptoms in Chinese medicine); 3) IFPN's self-learning ability. Given a set of cases, the weights in the IFPN can be learned through a back propagation algorithm; and 4) rapid concurrent inferencing and graphical representation.
A. Intelligent Fuzzy Petri Net
The concept of IFPN is derived from Petri Nets (PNs) [10] and fuzzy Petri Nets (FPNs) [11] . It is a directed, weighted graph consisting of two kinds of nodes called place and transition, respectively. There are arcs that originate either from a place to a transition, or from a transition to a place. In graphical representation, places are drawn as circles and transitions as bars. Fig. 7 shows the graph of a simple FPN, where transition t has one input place p 1 and one output place p 2 . 
Definition 4.1:
A generalized IFPN is a 10-tuples:
where Here, each place may or may not contain a token associated with a value between zero and one to denote the degree of truth of the corresponding antecedent proposition. Each input edge is assigned a weight value between zero and one to indicate the strength of importance of antecedent proposition to the determination of consequence proposition. Each transition is associated with a DCF, which is a function of the degree of truth and weights of all its input places, to express the degree of certainty of the corresponding rule. A transition is fired and a degree of truth is assigned to its output place according to the following equation:
Here, the threshold function H is defined as
where b is a constant and h is a threshold value. If b is big enough,
when t > h, e −b(t−h) ≈ 0, then H(t) ≈ t, and when
t < h, e −b(t−h) → ∞, then H(t) ≈ 0.
B. Dynamic Certainty Factor
In a traditional PN model, the certainty factor of a transition is set as a constant. This implies that when a rule is given, we assume that it is apodeictic with 100% certainty. Under this assumption, the firing scheme of a transition is to assign its output place a token which is typically retrieved by the multiplication of the maximum degree of truth of its input places and its constant certainty factor. Such a scheme has two obvious drawbacks. First, only the antecedent proposition with the maximum degree of truth participates in the reasoning, while the effects of other antecedent propositions have been ignored. Second, the assumption of constant certainty factors for transitions is not realistic in practical human reasoning. In usual human reasoning, holding a rule in the form of {R:
, if the degree of truth of d 1 and d 2 increases, the degree of reliability of rule R is also increased. In other words, the certainty factor of a rule is not a constant, but a function of certainty values and weights of antecedent propositions. Therefore, we introduce the concept of DCF into the IFPN in this project, where the certainty factor of a rule is a real-valued function defined by a symmetrical sigmoid function:
where
where, a i , i = 1, 2, . . . , n, are constants which determine the shape of surface formed by function f . They are determined by the users. Consider an IFPN with two input places and one output place, set a 1 = a 2 = 7.0, w 1 = 0.4, and w 2 = 0.6, function f with respect to µ(p 1 ) and µ(p 2 ), which is depicted in Fig. 9 as a surface in three-dimensional space. As we can see, the certainty factor C = 0.0 when µ(p 1 ) = 0.0 and µ(p 2 ) = 0.0. When µ(p 1 ) and µ(p 2 ) increase gradually to 1.0, the certainty factor of this rule also increases until it reaches the maximum value 1.0.
C. Reasoning Algorithm Through Backward Tree 1) Backward Tree:
The difficulty in fuzzy reasoning through the IFPN is to determine the sequence of transition firing. A transition can fire under the condition that the degrees of truth of all its input places are not null and greater than certain threshold values. If any of its input places has its degree of truth being null, we need to go backward to find which transition infers this place. Such a backward process continues until all input places of current transition are available. Actually, this backward process can be expressed explicitly as a tree structure, with root(s) as the goal place(s) and leaves as the starting places. We call such a tree structure mapped from an IFPN the backward tree (BT) [12] .
The transformation from IFPN to BT considers the transitions as the key element. It is different from the existing approaches [11] , [13] - [15] , where only the relationships between places are considered. This innovative idea makes it easy to perform the transformation, and furthermore, is straightforward to implement in computer language.
An IFPN element can be transformed to its corresponding BT element in three cases [12] . In our current intelligent inferencing environment, only one transformation is applied, as shown in Fig. 10 .
The transformation from IFPN to BT begins at the goal place(s). For each goal place in an IFPN, find all transitions with their sets of output places including it. These transitions and goal places form layer 1 of the BT. For layer 2, all input places of the transitions of layer 1 are selected. All transitions with their sets of output places including these input places are chosen. These transitions and their output places form layer 2. Such a process continues until all input places of transitions in current layer are the terminal places.
The BT has a hierarchical structure expressed by distinct layers from top to bottom. Each layer consists of several transitions and their output places. Two adjacent layers are connected so that all input places of the transitions in lower layers are included in the set of the output places of the upper layer. Obviously, a BT of an IFPN comprises two kinds of elements, the layers and the terminal (starting) places. Fig. 11 shows an example, where the IFPN on the left hand side is mapped to the BT on the right hand side. We can get the sequence of transition firing; e.g., from layer 5 to layer 1, in turns, according to the derived BT explicitly. Here, the hierarchical model of the BT guarantees that the inference sequence of transitions in the IFPN is feasible.
2) BT Construction and Reasoning Algorithm: The hierarchical structure in the BT gives the order of transitions firing. The transitions in upper layers should fire before those in lower layers to guarantee that every transition has its input places available before firing. When we say "input places available," we mean that the degrees of truth of all input places of the considered transition are not null. They are either provided by user or inferred by other transitions so that their values are between zero and one.
Before illustrating our algorithm, some definitions are given as follows. 1) Layer: An array of the layer structure, which is defined as a transitions list (TL) and a places list (PL). The places in PL are the output places of transitions in TL. 2) Known place set (KPS): A list of places with their degrees of truth already known either by user input or by inference during the reasoning process. 3) Current layer place set (CLPS): A copy of PL of current layer. Let t i be a transition and p j be a place in an IFPN. Let f (t i ) represents the degree of certainty of t i defined in (2), µ(p j ) denotes the degree of truth of p j . A complete and practical algorithm is represented as follows:
Step 1: Input-FPN structure (every transition, with its input and output places), and the name of the goal place(s). 
CLPS. num = num + 1
Set num = num − 1. Now num is the sequence number of the highest layer.
Step 4: Start reasoning layer by layer from the top to the bottom-
Step 5: OutputDegrees of truth of the goal place(s), and degrees of truth of the places related to the goal place(s).
The algorithm has two phases. One is the construction of the BT, and the other is the forward reasoning which processes layer by layer. The layer structure provides the sequence of transitions firing, and guarantees that all input places of transitions are available before they fire. Meanwhile, during the construction of the BT, all transitions and places which have no relationship with the goal places are excluded. This makes the algorithm more efficient. After the BT is constructed, the reasoning process is simply firing the transitions in turn from the uppermost to the bottommost layers.
D. Case Study
In this case study, the IFPN is used as a decision support system to identify three common diseases, namely astriction, dysentery, and diarrhea. They are frequently observed diseases seen, in Chinese medicine dispensaries. Since they have similar symptoms, accurate diagnosis is difficult, especially for novices. A correct and intuitive representation of the relationship among these three diseases not just makes diagnosis easier, but also helps in understanding the underlying correlation among symptoms and diseases. With the references of acupuncture experts and document resources, an IFPN concerning diagnosis of astriction, dysentery, and diarrhea, is constructed as shown in Fig. 12 . The backward tree, which is transformed from the IFPN shown in Fig. 12 , is depicted in Fig. 13. Here, the notation w 1 , w 2 , . . . , w 21 are weights describing the importance of the contribution of input places to the determination of output places. They can be learned by a set of training data, shown in Table I , via a back propagation algorithm similar to that proposed in [16] . Selective training data samples are listed in Table I . Here, each sample of the training data sets consists of 13 real numbers valued between 0 and 1 which indicate the degrees of certainty of 11 starting places, p 1 , p 2 , . . . , p 11 , and 2 goal places p 15 and p 17 .
In this case study, we use 50 cases for weights training, and 100 cases for testing. All these cases data are collected from experts at the Nanjing University of Traditional Chinese Medicine. The learned weights of these case studies are summarized in Table II . Each weight indicates the importance factor of an input place to the output place in an IFPN element. For example, Fig. 13 . Backward tree for diagnosis of three diseases.
TABLE I
PART OF TRAINING DATA w 1 = 0.617237 means that the importance factor of place p 1 (abdominal pain) is 0.617237 relative to those of the other input places p 2 (frequent trots), p 6 (red tongue with yellow fur), p 8 (quick pulse), and p 9 (weak pulse) to the output place p 16 (dysentery), while w 15 = 0.09821 means that the importance factor of place p 10 (facial pallor) is 0.09821 relative to those of the other input places p 1 (abdominal pain), p 3 (arid stool), p 7 (pale tongue with white fur), and p 9 (weak pulse) to the output place p 14 (astriction due to deficiency). Our IFPN successfully recognized 98% of diarrhea cases, 92% of astriction cases, and 87% of dysentery cases.
V. NEEDLE INSERTION TRAINING
We develop a needle manipulation simulator with stable haptic feedback to create a noninvasive and realistic environment for training Chinese acupuncture students. A complete haptic modeling of the bidirectional needle movement within body tissue layers is proposed.
A. Haptic Modeling of Individual Tissue
All body tissues in the dataset are mapped into five principle types: air, skin, adipose tissue, muscle, and bone. They constitute 95.7% of the original dataset and each has a distinct force profile.
Due to difficulties in experiment set-up and risk of health invasion, until now, no detailed invivo force measurement on needle bidirectional motion in living humans is available. However, from those currently available experiments, despite the large difference in force magnitudes, we can find similar force profiles for individual tissues. Under such observation, we tend to seek simple equations instead of computationally expensive models in building draft force models and incorporate expert experience in calibrating the model parameters in order to simulate the individual tissue behavior.
Among the five principle tissue types, air is the simplest that does not need a force model. The force-deformation behavior of skin is divided into three states. In the prepuncture state, we employ the incremental viscoelastic model developed by Brett et al. [1] to describe its nonlinear stiffness response [17] . Skin will be ruptured by a needle when the force reaches a break limit. This limit is velocity-dependent according to some experiments [17] . So the break limit is modeled as B 1 +B 2 /v, where v is needle velocity. Such a model is computationally efficient and the two parameters B 1 and B 2 can be calibrated to control the limit at high and low velocities respectively. Skin goes into static state when the break limit is passed.
The other two states, static and dynamic states, are closely related to friction. Due to adhesion between the needle and the elastic skin tissue, the needle often demonstrates significant displacement before sliding with the tissue [18] . Within this pre-sliding displacement period, although the needle is moving, it is merely deforming the tissue. The two surfaces are actually relatively static and so the skin is said to be in static state. The force response during this state is not exactly friction, but rather related to the force-deformation relationship of skin. So, the incremental viscoelastic model is again adopted to demonstrate this phenomenon. The original derived equation of the model assumes tissue deformation in one direction. We extend it to handle both directions. The static friction per unit contact area can be expressed as:
where x and v are tissue deformation and needle velocity, respectively; ρ and k are tissue viscosity and stiffness; and ∆x is the fundamental incremental length in model. The needle begins sliding against tissue and changes to dynamic state when the force exceeds a static frictional limit S. For the dynamic state, we follow the Coulomb friction model, in which frictional force always opposes velocity, and its magnitude is a constant called the dynamic friction coefficient D f . State changes to static when needle movement ceases. However, the resulting force feedback is overly smoothed, like sliding with plastic. To recover the rough feature due to needle clamping by the skin in a real interaction, a random quantity equally likely generated from [−D f δ, D f δ] with δ ∈ [0, 1] is added to the dynamic friction. Moreover, according to the stick-slip phenomenon, the limit S is modeled as slightly higher than the coefficient D f .
The mechanical properties of adipose tissue have been shown empirically to be almost completely viscous. So, the opposing force per unit contact area with needle can be expressed as ρv, where ρ is fat viscosity and v is the needle velocity. Muscle exhibits behavior similer to skin. It is simulated by the same set of models with different parameter values and with the absence of the roughness component in dynamic friction. For bone, we adopt a penalty-based method in which the needle tip is expelled out of bone surface by a linear spring with the maximum stiffness affordable by the haptic device. However, the counter-interaction with the viscous resistance of tissues may result in buzzing in the device. Disabling all damping effects when the needle tip is detected as inside bone enhances the stableness in haptic feedback.
Before puncture, both skin and muscle are represented by incremental viscoelastic stiffness models. The puncture threshold is set as a velocity dependent force limit, which is in accordance with existing experiments [1] . After puncture, a model capable of demonstrating bidirectional friction with presliding displacement (Fig. 14) , instead of the common stick-slip model, is employed to account for their elastic nature. Roughness in force perception, due to needle clamping by skin, is also added into the dynamic friction. Adipose tissue and bone are simulated with extra handling to prevent device buzzing. Parallel with the force feedback is the stereo display of real-time skin deformation.
B. Haptization of Needle Interaction With Training
The resulting haptic model is capable of rendering the feedback force during the bidirectional needle movement at any positions and angles inside body. An interactive calibration interface is set up so that haptic model parameters can be tuned by sliders. The generated force profiles are physically reasonable, and agree with published data [17] . We have also invited several acupuncture practitioners from the Nanjing University of Traditional Chinese Medicine to approve our haptic presentation of needling. Fig. 15 demonstrates the variation of force being simulated over time in our system.
Our system provides a functionality of recording the timing data from the needle insertion practice. After a practitioner inserts a needle in the virtual body or pulls a needle out of the body, a training session is considered complete. The depth, velocity, and force can be recorded. We have invited acupuncture practitioners to tune the parameters in order to confirm to a typical needle insertion experience. Fig. 16 shows the statistical information obtained from a training session carried out by an acupuncture practitioner. We can observe a stable change of depth and velocity during each puncturing from an expert.
C. Evaluation of Virtual Needle Insertion Training
To evaluate how our system can enhance the skill of acupuncture novices, we have conducted various sets of experiments. In the first set of experiments, we have asked an acupuncture practitioner to perform a needle insertion session using our system, and the puncturing waveform is recorded (Fig. 16) . Then, we invited students to study this particular waveform and try to perform a puncturing pattern as close to this model as possible through a number of training sessions. Fig. 17(a) depicts a graph showing the change of velocity over time of a student's first trial. The accuracy and consistency of the needle insertion can be evaluated through the timing graphs. For example, when we compare the velocity graphs in Figs. 17(a) and 16(a) , it can be shown that his puncturing is not stable enough. The student was then asked to perform a few dozens of training sessions. Fig. 17(b) shows the velocity graph after several trials. The stability in the puncturing velocity has been improved.
Angle and depth of insertion are very important in the process of needle insertion. Correct angle and depth are useful in producing desired therapeutic effects and preventing needling accidents. In light of this, we have chosen two certain standard needle insertion techniques with a set of standard requirements, such as puncturing angle, insertion frequency and insertion depth, and set up several experiments. According to the pre-set puncturing requirements, the students were invited to carry out a number of needle training sessions. During the training process, student can observe their puncturing performance immediately after each session. All timing statistics are recorded and analyzed in order to investigate how our system helps acupuncture novices to develop the needling skill.
The first needle insertion technique to be trained is the "horizontal insertion." Students are required to insert the needle at an angle of approximately 15 deg (between the needle and the skin surface) while the depth of insertion should be in between 25 and 50 mm. The tolerance of the angle of insertion is 5 deg. The targeted acupoint is Diji of the spleen meridian of foot-Taiyin. The experiment involves ten participants. Students can usually meet the standard requirements in no more than ten training sessions.
The learning progress on the needling angle can be observed in Fig. 18 , which shows the average deviation of the insertion angle. In this particular training example, we have observed that it generally takes five to seven training sessions for the student to maintain a correct and consistent angle of insertion. The effectiveness of our system on the training of needling angle is high. Table III shows part of the depth data obtained. In most of the cases, the participants can insert into the correct range of depth within in the first few trials.
The second needle puncturing technique to be taught is called the "Fong's Phoenix reinforcing and reducing method" [19] . In this needling technique, the acupuncturist is required to make a perpendicular insertion (i.e., 90 deg) to the skin with an insertion frequency of 60 to 80 puncturing cycle per minute (i.e., 1.00-1.33 Hz). The depth of insertion should be limited from 15 to 20 mm. The acupoint Diji is again selected as the training target. This is quite a difficult needling technique since the frequency and depth of insertion have to be maintained at the same time. Besides, the range of depth is much smaller when compared to the previous experiment. Ten students were asked to participate this experiment, all of them are acupuncture novices with little or no needling experience.
The depth timing graphs in Fig. 19 illustrates the training process from a student. From these graphs, we can inspect how the student improved the skill over time. After every session, the student can study the last needling waveform and correct the mistakes being made. For instance, Fig. 19(a) and (b) shows a unnecessarily long needling duration after the first puncturing onto the skin. Fig. 19 (c) -(f) has demonstrated his improvement. In addition, the needling frequency is getting closer to the required one (i.e., from 1.00 to 1.33 Hz) as the student going through more sessions. Fig. 20 depicts the statistics on the needling frequency over time. Fig. 20(a) and (b) shows two of the frequency timing diagrams obtained from the training sessions of two different students. Fig. 20(c) illustrates the average frequency deviation over time. In this particular training example, we have observed that it generally takes 10-15 training sessions for the student to perform a correct and consistent frequency of needle insertion.
To evaluate the training on the depth of insertion, we have selected a few data patterns for illustration in Table IV . In any needle insertion procedure, the depth of insertion not only indicates the therapeutic effect of one particular needling, but also affects the safety of the patient. In this experiment, the safety depth limitation is 20 mm. In other words, the participant must avoid any insertion deeper than 20 mm. From figures in Table  IV , we can observe that it generally takes five to ten training sessions to avoid the dangerous operations. We can easily imagine how this unintentional side-effect may occur if a real patient is used for this kind of training. In other words, our system can be safely used for the training of some difficult needling techniques.
VI. DISCUSSIONS
Our intelligent virtual environment is a multidisciplinary project which is the first system applying the advanced virtual reality and information reasoning technologies to traditional Chinese acupuncture. Experiments on both synthetic and real data have validated our system.
For the diagnosis subsystem, although the weighting-based learning process is time-consuming, the inference process is quite fast after the weights in the IFPN have been retrieved. For an IFPN for the diagnosis of 50 diseases, our system can perform the decision making within several seconds. This speed is satisfactory to real-time operation, while the diagnosis subsystem is integrated with the needle practice subsystem. Furthermore, the capacity of the diagnosis subsystem has been verified by synthetic data. The system works well even when the involved IFPN is quite huge for the diagnosis of 100 diseases.
In real needle acupuncture practice, there is an effective nerve stimulation called De-Qi. This is a situation thought to be an important criterion of successful needle manipulation. In general, the tactile feeling of De-Qi is similar to a kind of friction-like out-pulling force. In this sense, our bidirectional force model is capable of simulating the haptic feeling. However, since standardized conditions such as location, depth and puncturing frequency, for triggering De-Qi is heuristic in acupuncture literature nowadays. Currently, we developed a simplified De-Qi simulation by adding a force amplifying factor. By relating the puncturing frequency with this force amplifying factor, one may experience the De-Qi feeling under certain puncturing frequency. However, much real data is needed in order to understand the conditions that trigger De-Qi. In actual puncturing, various kind of needles are used. Since the stylus of PHANToM is much larger than an ordinary needle, the feeling of puncturing may differ from the real one. Moreover, simulating the bending of the needle is currently impossible. We have tried to migrate our system to a newly designed PHANToM Omni. As the stylus of PHANToM Omni is detachable, a needle can be attached to replace the original stylus (Fig. 21) . In the future, we shall implement a more realistic haptic simulation of needle insertion. 
VII. CONCLUSION
We have developed a VR-based system for Chinese acupuncture learing and training. Our system presents the user with a realistic tactile feeling through a bidirectional force model. An intelligent inference is implemented in our system so that advanced knowledge representation and inference tools can be used to model and inference the logic in traditional Chinese medicine.
